Breast cancer has a high mortality rate and is the most common cancer of women worldwide. Our gene co-expression network analysis identified the genes closely related to the pathological stage of breast cancer.
Background
Breast cancer has a high mortality rate and is the most common cancer of women worldwide. A study published in 2013 used statistical methods to estimate that the number of new cancer cases in Europe in 2012 would be about 3.45 million, to which the largest contributor would be breast cancer. With the third-highest mortality [1] . The incidence of breast cancer in postmenopausal women is higher [2] , and breast cancer is considered one of the leading causes of death in postmenopausal women, accounting for 23% of all cancer deaths [3] . In recent years, the morbidity rate of women under 50 years old has been increasing, and due to the female infertility induced by breast cancer treatments such as chemotherapy, women are caught in a dilemma of choosing between survival and fertility [4] . The occurrence of breast cancer is related to heredity [5] ; therefore, the BRCA1/2 mutation has been studied for use in risk assessment in families with a high prevalence of breast cancer [6] . Many genetic tests such as the PAM50 ROR, Breast Cancer Index, and EndoPredict have been reported to predict the development of advanced recurrences [6] . There are many treatments for breast cancer, including chemotherapy, surgery, targeted therapy, hormone replacement therapy, radiation therapy, and combination therapy [3] , but the large number of treatments available is a proof that each treatment is not fully effective. The poor prognosis of breast cancer is related to drug resistance, and inappropriate pathological stage may aggravate it. It has been shown that scientific and accurate pathological staging can improve individual prognosis.
Weighted gene co-expression network analysis (WGCNA) is a systematic and comprehensive biological method to explore the correlation between genes, which stands out among many biological methods. The WGCNA approach operates on 2 assumptions: that molecules with similar expression patterns may be involved in specific biological functions (co-regulation of genes), and scale-free distribution [7] . In simple terms, the gene distribution is more consistent with the scale-free network distribution by selecting soft threshold b to weight the correlation coefficient so as to maximize the use of information and avoid information loss [8] . To facilitate their use, a WGCNA R software package summarized and standardized its methods, including network construction, module detection, gene selection, topological property calculation, and visualization [9] .
WGCNA builds modules by identifying potential links and correlations between high-throughput genes. Modules closely related to clinical features were used as hub modules for subsequent analysis until the discovery of hub genes tightly related to the disease. This method is not only used for the detection of specific biomarkers of normal and abnormal tissues (such as cancer screening and specific biomarkers of gene-related diseases), but also for the identification of hub genes between abnormal tissues (such as tumor staging, grading, and metastasis). Therefore, the purpose of the present study was to apply the differentially expressed genes (DEGs) co-expression network constructed by WGCNA to identify a series of hub genes related with breast cancer pathological stage. These hub genes as biomarkers may provide better diagnosis and more effective treatment for breast cancer patients, thus leading to earlier detection and better results. This study may contribute to the establishment of a complete biomarker system for the pathological staging of breast cancer.
Material and Methods

Data collection and Preprocessing
The breast cancer gene expression profile of dataset GSE102484 [10] , downloaded from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/), was raw and was based on the GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array platform. In the 683 samples of its data set, we selected 374 samples of non-metastatic breast cancer, and all of our samples were female. Then, the preprocessing of 374 original expression data includes the normalization of data using a robust multiarray averaging (RMA) [11] algorithm and the filtering of the nsFilter algorithm. There were 374 samples and 10 093 probes used for subsequent analysis. Furthermore, an independent data set, GSE20685 [12] , also downloaded from GEO for module preservation analysis and validation.
Weighted gene co-expression network construction
The WGCNA package in R software was used to construct the co-expression network. First, samples with a Z.K value <-2.5 were deleted as outliers and did not participate in the later analysis. For the construction of a co-expression network, we converted the correlation matrix with the removed outlier samples into the adjacency matrix based on value, and the specific calculation was a ij= |cor(x i , x j )| b , and X i and x j are the nodes i and j of the network. The b was determined by scale-free topology criterion and R 2 >0.8 made the network approximately meet the scale-free network distribution generally. For details, refer to original authors Zhang and Horvath. Then, this study transformed the adjacency matrix into a topological overlap matrix (TOM) after a series of complex calculations. TOM provides a simplified diagram of the network, allowing the visualization of the network and facilitating the identification of network modules. Then, the TOM graph was analyzed by average linkage hierarchical clustering based on the phase dissimilarity (1-TOM). Finally, the dynamic shear method was used to obtain the original modules and all the unidentified genes were assigned to a module. The original modules that we obtained were screened and merged before moving on to the next analysis. According to the author's recommendation, the number of genes in each module was 30 and above. At the same time, each module was marked with a different color for the convenience of research, and the unrecognized genes were grayed out.
Module preservation analysis
To verify the stability of the module, gene expression profiles of 327 samples from data set GSE20685 were used for module preservation analysis. We used the module preservation method in WGCNA R software to calculate the Z summary score (Z score) and medianRank [13] , which assesses whether the module is preserved or not. Since Z score and medianRank have their own advantages and disadvantages, in order to treat each module equally, the analysis method with both of them is usually adopted. If the Z score is greater than 10, it is considered that the module is highly preserved, and the higher the Z score is, the higher the stability of the module is, and the more reliable the subsequent analysis will be. A medianRank of the modules close to zero indicates a high degree of module preservation.
Identifying clinically significant modules
The selection of hub modules for subsequent analysis was based on the calculation of the correlation between clinical information and gene modules and the similarity of module expression in samples, including modules eigengene (ME), gene significance (GS), and module significance (MS).
Hub genes identification, validation, and functional annotation
The hub gene is defined as the gene with the highest degree of connectivity in the hub module. Specifically, our study determined hub genes based on 2 values, and selected geneModuleMembership >0.8 and geneTraitSignificance >0.2 as the hub genes. This limitation leads to a high degree of modularity and clinical characteristics of the hub gene. Moreover, genes in hub modules were projected into a protein-protein interaction (PPI) network to further clarify the interaction and association between genes, which was one of the references for our analysis of genes and diseases and the evidence supporting the status of hub genes. The "limma" package is used to identify differentially expressed genes that are widely used in disease and gene research. We used "limma" to test our hub genes. If the P value of the gene is less than the selected significance level (0.05 or 0.01), the selection of the gene is considered statistically significant and it is considered to be validated. Verification makes our selection of hub genes more scientific and convincing. To further clarify how hub genes influence related clinical characteristics of interesting modules, we used Enrichr (http:// amp.pharm.mssm.edu/Enrichr/) database to Gene Ontology (GO) function module of the gene annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis [14] .
Survival analysis
Survival analysis is used to determine the relationship between the expression profile of one or more genomes and survival time. Survival analysis of WGCNA is usually done by the nonparametric Kaplan-Meier method [15] . The patients were divided into 2 groups according to median expression value of hub genes by the Kaplan-Meier method, and the results were presented by drawing a survival curve. As a common way to compare survival curves, the log-rank test can conclude that there is no statistically significant difference between groups by analyzing the significance of differences between actual and theoretical values. To assess the relationship between hub genes and breast cancer patients, the Kaplan-Meier survival analysis and log-rank test using the "survival" package of R software were conducted.
Results
Weighted co-expression network construction
The 374 non-metastatic breast cancer samples without stage IV in the independent data set GSE102484 from GEO were filtered by RMA method normalization and nsFilter. Since there were 7 samples with Z.K value <-2.5 (GSM2738700, GSM2738857, GSM2738923, GSM2738999, GSM2739109, GSM2739182, and GSM2739239), these 7 samples were considered as outliers and were excluded from subsequent analysis ( Figure 1 ). Therefore, the gene expression profile of 367 samples was used to construct the gene co-expression network by using the WGCNA package. First, we selected the soft threshold b=5 (scale-free R 2 =0.90) according to Supplementary Figure 1 as the weighting coefficient to ensure a scale-free network. Second, our study used average linkage hierarchical clustering, the TOM-based dissimilarity, dynamic tree clipping, and merging processing to identify modules, and it obtained 18 modules marked with different colors (Supplementary Figure 2 ).
Module preservation analysis
We used "modulePreservation" [13] to calculate the preservation statistics of 2 independent modules and to determine whether the modules were preserved according to Z summary score and medianRank. Figure 2 shows that the Z summary score of the brown, turquoise, and yellow modules were all above 50, and the highest Z summary score of the brown module indicated that this module was the best preserved. To compensate for the weakness that Z summary score is dependent on module size, we continued to analyze the relevant medianRank. Among the 3 modules of brown, turquoise, and yellow, the medianRank of the brown module was still prominent. Brown modules, whose Z summery score is more than 60 were considered to be the best preserved modules in this study. 
Identifying hub modules
The selection of hub modules was based on the correlation between modules and traits. Therefore, brown modules were selected as the hub modules in this study according to the closest correlation between modules and stages (r=0.22, P=3e-05, Figure 3 ). At the same time, we also found that the brown module was also the most correlated with Tstage (r=0.18, P=4e-04, Figure 3 ), and the correlation between Nstage and the brown module was also high (r=0.14, P=0.008, Figure 3 ). Furthermore, the brown module showed high genetic significance and module membership (cor=0.49, P=4.4e-67, Supplementary Figure 3 ), which further confirmed the status of the brown module as a hub module.
Hub genes identification, validation and functional annotation
There were 1093 genes in the brown module and 49 that meet our requirements (geneModuleMembership >0.8 and geneTraitSignificance >0.2), and the special data are shown in Table 1 . The 2290 genes were shown to be associated with breast cancer in previous studies through Junior Doc (http://www.drwang.top/), and 21 of our 49 hub genes had not been reported (e.g., TPX2, MCM10, NCAPG, and KIF4A). The PPI network of brown modules showed significant connectivity, and the overall effect of the network graph was good ( Supplementary Figure 4 ). In this network, the size and color depth of nodes are proportional to their degree of connection, which facilitated our qualitative observation. The node degree, betweenness, stress, closeness, and clustering coefficient of 49 hub genes in the brown module were quantitatively compared ( Table 2) . AURKA gene has the largest node and the darkest color, which was an important object for our subsequent discussion and research. Independent GSE20685 was used by us for gene validation, and the condition for our hub genes to pass the verification was P<0.05. Supplementary Figure 5 intuitively shows our verification results, in which the P values of 49 hub genes are less than 0.05, which indicates that the selection of our 49 hub genes was statistically significant, scientific, and convincing. Meanwhile, according to |log2(fold change)| ³0.5, 19 of the 49 hub genes were significantly upregulated (Supplementary Figure 6 ).
To determine the mechanism of action of the 49 hub genes in the brown module, the 49 hub genes were uploaded to Enichr for GO function annotation and KEGG enrichment analysis. GO function annotation indicated that the brown module was enriched to sister chromatid cohesion, spindle midzone, and microtubule motor activity (Table 3) . KEGG enrichment analysis suggested the brown module was enriched in cell cycle (Table 4) . Tables 3, 4 show that the crude and adjusted P value, Z score, the combined score of pathways, and genes were included in the pathway.
Survival analysis
Breast cancer patients were divided into a high-expression group and a low-expression group according to the median expression value of each hub gene, and survival curves were plotted accordingly. The P value of 37 of 49 hub genes was less than 0.05, indicating that the 37 hub genes were statistically significant ( Figure 4) . The survival curve generally shows a downward trend with the increase of time. On the graph line, the slope is larger, which means lower survival rate. The image of the high-expression group of 49 hub genes was steeper than that of the low-expression group, indicating that the high expression of these hub genes was closely related to the poor prognosis of patients. 
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Hub gene mutation analysis
The independent data set GSE29044 from the GEO database was used for mutation analysis ( Figure 5 ). All 49 hub genes were shown to be upregulated in the mutation analysis, suggesting that our hub genes are scientific and persuasive, and Supplementary Figure 6 shows that 19 of 49 hub genes were significantly upregulated.
Discussion
Breast cancer is an epithelial malignant tumor of ductal lobules at the end of the mammary gland. It is the most common cancer among women and has a poor prognosis, causing a large number of deaths worldwide every year. The research activity on breast cancer is in direct proportion to its harm to human beings, but quantity does not mean quality; the pathogenesis of breast cancer has not been fully elucidated, and the genetic standard of breast cancer staging is not perfect. Although some studies have used the WGCNA method to explore molecular markers related to the pathogenesis, diagnosis, treatment, and prognosis of breast cancer, the present study may contribute to the establishment of a more complete set of molecular markers for pathological staging of breast cancer. This may lead to better treatment regimens for different patients and better prognostic estimates.
In our study, we used 367 samples without stage IV to construct the co-expression network. After dynamic tree shearing, we identified 18 modules, among which the brown module showed the strongest correlation with pathological staging. The Z summery score and medianRank indicated that the brown module has good stability. Therefore, the brown module as a candidate module continues to identify candidate biomarkers. Finally, we identified the 49 hub genes that are candidate biomarkers for breast cancer pathological stage, and 21 hub genes that were not inquired about in Junior Doc. The PPI chart of 49 hub genes showed the ideal degree of connectivity, and it could be intuitively seen that the hub genes were interacting with each other. Both survival analysis and mutation analysis yielded satisfactory results: high expression of 49 hub genes was closely related to the poor prognosis of patients, and all 49 hub genes were shown to be upregulated in the mutation analysis. Moreover, to better illustrate how hub genes works, our study also carried out GO functional annotation and KEGG enrichment analysis for 49 hub genes. GO functional annotation of hub genes were suggested to focus on sister chromatid cohesion, mitotic cell cycle, spindle midzone, and microtubule motor activity. Similarly, hub genes identified by KEGG were enriched in the cell cycle and DNA replication. These hub pathways are basically all involved in cell division. The sister chromatid cohesion pathway gene members are CDC20, CENPE, CENPF, ERCC6L, CENPI, BUB1B, CDCA8, KIF2C, BUB1, AURKB, and SKA1. The sister chromatid cohesion pathway is a hub of mitotic chromosomes separation; this process is mediated by the cohesive element protein complexes. It has been reported in colorectal cancer [16] , bladder cancer [17] , head and neck squamous cell carcinoma [18] , and other cancers. Previous studies on breast cancer found that sister chromatid cohesion can inhibit breast cancer cells and induce their apoptosis and autophagy [19] , and the survival rate of breast cancer patients with defective sister chromatid cohesion expression is lower than those with higher sister chromatid cohesion expression [20] . In addition, studies have shown that cancer cells that recognize mutations in sister chromatid cohesion may suggest new therapeutic opportunities [21] . Cell cycle refers to the time needed for one cell to divide one time, and its members have CDC20, PTTG1, ESPL1, BUB1B, TTK, MCM6, BUB1, and MCM2. Many studies have shown that the stagnation of the cell cycle is a target for the treatment of breast cancer [22] .
8883
In terms of individual hub genes, KIF4A, MCM10, and TPX2 were also listed as the hub genes associated with poor prognosis of breast cancer in other studies that also used the WGCNA method to identify the pathological process of breast cancer [23] . In another study looking at biomarkers of prognosis in invasive breast cancer [24] , only MELK in the 6 hub genes was the same as our hub gene, suggesting that our study could be complementary. A study using grade 1, 2, and 3 differentially expressed genes of cancer to construct a hierarchical specific molecular interaction network indicated that KIF2C and UBE2C are potential biomarkers for breast cancer diagnosis and prognosis [25] . The present study offers more new insights than the hub genes provided by the latest research on genetic markers for breast cancer [26] . Most of the hub genes associated with breast cancer are well understood. AURKA and AURKB also are leading predictors of poor prognosis [27] . AURKA has the highest degree of connectivity in the PPI network. Our research on this gene is relatively mature, and it has been reported in many studies that this gene is closely related to breast cancer. AURKA inhibitors have long been important drugs in the clinical treatment of breast cancer. The latest research shows that AURKA inhibitors combined with other inhibitors provide a new approach for the treatment of breast cancer [28] . BUB1B causes higher chromosomal instability in breast cancer cells [29] , and BUB1 is associated with cancer stem cells [30] . CDT1, CDC20 CENPE CENPF, and CENPI expression in breast cancer cells are on the increase, and are significantly associated with shorter survival [31, 32] . KIF14, KIF20A, KIF2C, KIF4A, and KIFC1 belonging to the kinesin family and have been proven to be potential biomarkers of breast cancer prognosis [33, 34] , but there have been few studies on KIF18B and KIF23. HJURP is a histone chaperone, a prognostic factor for disease-free survival and overall survival in breast cancer patients, and a predictive marker for radiotherapy sensitivity [35] . Among the hub genes in the MCM series, MCM2 and MCM10 have been extensively studied in the pathological process of breast cancer, but MCM6 has received relatively little attention. However, poor prognosis due to overexpression of MCM6 has been reported in lung cancer [36] . Additionally, the abnormal expression of TPX2 has basically become a universal biomarker for poor prognosis of cancer, which has been reported in gastric cancer, non-small cell lung cancer, liver cancer, and other cancers [37, 38] . CASC5, also known as KNL1, is an important gene involved in chromosome separation and is expressed in various cancer cells. Inhibition of this gene expression can induce cell cycle arrest and inhibit cell proliferation and migration. KNL1 and BUB1 have similar effects and both function by activating the kinetochore-bound Mad1-Mad2 [39] . However, CASC5 has not been adequately investigated in relation to breast cancer, nor has BUB1. The protein encoded by the CKAP2L gene plays an important role in neuroprogenitor cell division, and mutations in this gene are associated with spindle tissue defects [40] . CKAP2L is reported to be the main cause of Filippi syndrome [40] . There have been few studies on the relationship between CKAP2L and cancer, and few studies have been reported so far: the deletion of this gene is associated with oral squamous cell carcinoma, and the latest study shows that the upregulated expression of this gene in lung adenocarcinoma may be closely correlated with the poor prognosis of patients. However, the exact role of CKAP2L in cancer progression, metastasis, and drug resistance remains unclear. In particular, research on the relationship between CKAP2L and breast cancer is scant. In addition, understanding of the molecular basis of CASC5, CKAP2L, FAM83D, KIF18B, KIF23, SKA1, GINS1, CDCA5, and MCM6 in breast cancer is poor, so in order to better reveal the staging of breast cancer markers, it is necessary to study the hub genes. Our understanding of certain genes is still incomplete, and our co-expression networks might provide new clues to the complex regulation of these different molecules. However, compared with other tumor databases with more tumor database samples, the data set samples that this study used are relatively small; there may be bias, and many related studies have been published. Furthermore, although it found that some new genes may be related to the pathological process of breast cancer, these new genes may not provide accurate information about the actual biological characteristics of the tumor.
Conclusions
We established a co-expression network to identify the hub genes related to the pathological staging of breast cancer, identifying 49 hub genes that were associated with the pathologic stage of breast cancer, 19 of which were significantly upregulated in breast cancer. Our results may provide new insights into biomarkers for breast cancer, but more research is needed to validate these findings
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